Recently, 100% inspection using automated systems has seen more frequent application than traditional sampling inspection using human inspectors. Nevertheless, humans still outperform machines for most attribute inspection tasks. Since neither humans nor automation can achieve superior inspection system performance, hybrid inspection systems where humans work cooperatively with machines merit study. In response to this situation, this research was conducted to evaluate the impact of task complexity on inspection performance in a hybrid environment. Results from the study showed that task complexity has a significant effect on inspection performance. Furthermore, the study looked at the impact of human intervention in such a hybrid inspection system and indicated that human inspector will continue to play a vital role in future hybrid systems.
INTRODUCTION
Customer awareness regarding product quality and increased incidences of product liability litigation have increased the importance of the inspection process in manufacturing industries (Thapa, Gramopadhye, and Melloy, 1996) . To remain competitive, manufacturers can accept only extremely low defect rates, often measured in parts per million. This situation requires almost perfect inspection performance in the search for nonconformities in a product, and the two functions central to inspection, visual search and decision making, have been shown to be the primary determinants of inspection performance (Sinclair, 1984) . However, while the need for error-free detection is important, the inspection process tends to be less than 100% reliable, especially when human inspectors are used. As a result, many companies are moving toward automated inspection systems (Jiang, Gramopadhye, and Melloy, 2003) . Even though these automated systems have well-documented advantages, they cannot surpass the innate ability of humans to recognize patterns, make rational decisions, and quickly adapt to new situations (Hou, Lin and Drury, 1993; Gramopadhye, Drury, and Prabhu, 1997). It is possible, though, that superior performance could be achieved with a hybrid system, one in which automation complements human strengths. Researches have shown that proper function allocation has the potential to lead to improvement in inspection performance (Bullinger and Salvendy, 1987; Sharit and Elhence, 1987; Morris, Rouse, Ward, and Sharon, 1988; Sinclair, 1993, Jiang, Gramopadhye, and Melloy, 2003) . In response to this need, Hou et al. (1993) proposed the seven alternate hybrid inspection systems listed in Table 1 with alternative seven, the most complicated and flexible, chosen for use in the current study.
Over the years, many empirical studies have been conducted to identify the factors that affect search and decision-making in visual inspection (e.g., Megaw 1979 ). The objectives of these studies have been two-fold: to understand the effect of these factors on inspection performance and to identify interventions to reduce the ill effects due to these factors. It is generally accepted that there are four factors that affect human performance: subject, physical and environmental, task and organizational factors (e.g., Megaw 1979) . Since inspection tasks vary in their difficulties, it is very important to evaluate the system performance in such a hybrid inspection system given different levels of task complexities. Hence, this study aims to measure system performance for varying levels of task complexities in a hybrid inspection environment. 
METHODOLOGY

Subjects
The subjects used for this study consisted of 8 graduate and undergraduate students enrolled at Clemson University between the ages of 18 and 28 with a mean of 26. Gallwey and Drury (1986) have shown that minimal differences exist between inspectors and student subjects on simulated tasks. The subjects were screened for 20/20 vision (corrected if necessary) and color vision.
Stimulus Material
The task was a simulated visual inspection of a printed circuit board implemented on a Pentium III computer with a 19" high-resolution (1024 x 768) monitor. The input devices were a Microsoft standard keyboard and a Microsoft onebutton mouse. The task consisted of inspecting simulated PCB images developed using Adobe PhotoShop 5.5 for six categories of defects -missing components, wrong components, inverted components and misaligned components, trace defects and board defects. Four categories of defects could occur on any of these four individual components: resistors, capacitors, transistors and integrated circuit.
Hybrid Inspection System
A hybrid inspection system was used in this study. Details on the description of the hybrid inspection systems can be found in Jiang et al (2002) . In this system, both computers and humans searched for defects and made the decision on the PCB board with the human having the final decision about whether to accept or override the computers' search or decision-making. In the search stage, the computer worked in parallel with the human to search for defects. The status bar, as seen in Figure1, indicates the progress of the computer search to the inspector. In the example shown, the human first detected a defect, shown by a yellow square, and the computer then detected two defects, shown by two red squares ( Figure  2 ).
During the search stage, the human had the option to agree or disagree with the computer's finding. In the example, the human agreed with the computer's defect detection shown in the lower right hand corner; however, the human disagreed with the selection of the second defect located in the middle of the board and therefore deselected the object (Figure 3 ).
In the decision-making stage, the computer made the decision to reject the board. However, the human overrode the computer's decision by clicking on "No" (Figure 4 
Experimental Design
Defects were classified as easy search, hard search, easy decision making, and hard decision making based on their categories and severities.* For example, a missing component defect is much easier to detect than a slightly misaligned component defect in a search task; It is much easier to make a decision on a single defect PCB board than a multiple defect one.
Four different task complexity levels were considered in this experiment: Easy search /Easy Decision-making (EE), Easy Search /Hard Decision making (EH), Hard Search /Easy Decision making (HE), Hard Search /Hard Decision Making (HH). A 4 x 4 Latin square was used in order to cancel out the order effects as shown in Table 2 . Treatments were randomly assigned to each of the four letters. 
Procedure
The study took place over a five-day period. Day 1 was devoted to training the subjects. Days 2-5 were used to collect data on the criterion tasks.
On Day 1, each subject was required to complete a consent form and a demographic questionnaire. Following this step, instructions were read to the subjects to ensure their understanding of the experiment. Next, all the subjects were trained and administered three separate tests before commencing the experiment. On Days 2-5, the test subjects were read the experimental protocol and were given 48 PCB boards to inspect based on one of eight experimental combinations. Each experimental combination was used only once per subject. On completion of the study, each subject was debriefed and thanked for his/her participation. The training session included five stages:
Initial overview:
Initially the subjects were introduced to basic PCB inspection terminology and familiarized with the computer program. Following this step, subjects were quizzed on their knowledge of the operation of the software and correct answers were supplied for incorrect responses.
Defect training:
The subjects were initially trained on the different types of defects. Subjects were shown different instances of each defect with their names and probable locations. Then training was provided on the rules, which were used to classify the PCB board as conforming or nonconforming. On completion of defect training, the subjects underwent defect matching, single-defect inspection and multiple-defect training sessions. Following each session, the subjects were administered a test. Only those subjects who secured a minimum score on the test were allowed to proceed to the next step. 3. Defect Matching: PCB's with a marked single defect were displayed on the screen and subjects classified the defects by choosing the defect name from a drop down list box of all the names of defects. They were provided with immediate feedback whether the matching was correct or not after each response. 4. Single-defect Training: PCB's with a single defect were displayed on the screen and subjects located and then classified the defects by choosing the defect name from a dropdown list box of all the names of defects. They were provided with immediate feedback on search performance, which consisted of speed and accuracy measures. 5. Multiple-defect Training: PCB's with 1, 2, or 3 defects were displayed on the screen and subjects first visually searched for the defects and then classified them. They were provided with immediate feedback on their performance, which consisted of speed and accuracy measures.
Data Collection
Data was collected on measures of speed (search time, stopping time and inspection time) and accuracy (hit rate and false alarm rate). Figure 4 . Human makes the final conformance decision.
Conformance decision
Defect deselect
Defect reserve Figure 3 . Human removes defects he/she does not agree with.
RESULTS
Analysis of Variance (ANOVA) was conducted on hit rate and false alarm rate, for the accuracy measure and mean search time, mean stopping time and mean inspection time for the speed measure. Student-Neuman-Keuls (SNK) test was performed where it was appropriate and can be seen in Table  3 . Treatments underlined by a common line do not differ from one another while treatments not underlined by a common line do differ. Significant treatment effect was found for hit rate (F(3, 12) = 5.01, p < 0.05), false alarm rate (F(3, 12) =9.07, p < 0.01), mean search time (F(3, 12) =17.95, p < 0.001), and mean inspection time (F(3, 12) =5.35, p < 0.05). No significant task effect was found for mean stopping time. 
DISCUSSION
The objective of this study was to investigate the effect of task complexity in a hybrid inspection environment where humans and machines share search and decision making tasks. Results showed a significant task effect on accuracy measures of hit rate and false alarm rate, and speed measures of mean search time and mean inspection time. No significant difference was found in terms of mean stopping time.
A further look at the results indicated that complexity of different component of an inspection task has different effect on inspection performance. For example, when an inspection task consists of an easy decision making component, the false alarm rate is significantly lower than when it has a hard decision making one regardless of the difficulty level of the search component. One possible reason is that some similar defects have very different severity level and therefore, require different decisions of conformity. Another interesting finding is that since a human inspector's role in such a hybrid inspection system has changed to a supervisor, the effect of task difficulty on inspection performance is not as one would expect in a human only inspection system. For example, there is no significant difference among EE, EH, HE systems in terms of hit rate and mean inspection time. This is probably because human inspection can override computer's search or decision-making result and therefore, the difference among them is not that simple any more. This intervention from human inspection can also explain the fact that there was no significant difference among the four systems in terms of mean stopping time.
In summary, this research has shown that task difficulty has significant effects on inspection system performance. Furthermore, results showed that human intervention during the inspection process has an impact on system performance, indicating that humans will continue to play a vital role in future hybrid inspection systems.
